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Abstract: In this paper, we present the Daily based Morgan–Morgan–Finney model. The main
processes in this model are based on the Morgan–Morgan–Finney soil erosion model, and it is suitable
for estimating surface runoff and sediment redistribution patterns in seasonal climate regions with
complex surface configurations. We achieved temporal flexibility by utilizing daily time steps, which
is suitable for regions with concentrated seasonal rainfall. We introduce the proportion of impervious
surface cover as a parameter to reflect its impacts on soil erosion through blocking water infiltration
and protecting the soil from detachment. Also, several equations and sequences of sub-processes are
modified from the previous model to better represent physical processes. From the sensitivity analysis
using the Sobol’ method, the DMMF model shows the rational response to the input parameters
which is consistent with the result from the previous versions. To evaluate the model performance, we
applied the model to two potato fields in South Korea that had complex surface configurations using
plastic covered ridges at various temporal periods during the monsoon season. Our new model shows
acceptable performance for runoff and the sediment loss estimation (NSE ≥ 0.63, |PBIAS| ≤ 17.00,
and RSR ≤ 0.57). Our findings demonstrate that the DMMF model is able to predict the surface
runoff and sediment redistribution patterns for cropland with complex surface configurations.
Keywords: runoff estimation; sediment redistribution; impervious area; monsoon rainfall;
plastic mulching
1. Introduction
Land degradation and freshwater deterioration by soil erosion are major environmental and
economic problems faced worldwide [1,2]. The problem is prominent in Monsoon and Mediterranean
regions where intensive agricultural practices and massive land use changes are taking place on
erosion-prone hilly landscapes affected by concentrated seasonal rainfall [3–7]. In regions suffering
from soil erosion, people often use simulation models to project soil erosion rates under varied
environmental conditions and land use change scenarios in order to determine optimal, cost-effective
soil erosion mitigation measures for vulnerable areas [8,9].
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Soil erosion models are classified into three categories of empirical, process-based, and conceptual
models according to their characteristics; of these, empirical models such as USLE [10], RUSLE [11],
and MUSLE [12] have been frequently used to estimate soil erosion rate as they are easy to use and
require reasonable amounts of data and computing resources [13–17]. However, such empirical models
also have fundamental limitations. The models are mostly based on empirical relationships induced
by their place of origin (e.g., farmland in the American Great Plains for USLE, RUSLE, and MUSLE),
and are therefore often unsuitable for regions with different land and environmental types. Additionally,
the empirical models calculate soil erosion rates primarily through a few simple statistical relationships,
and are therefore unable to provide enough information on the underlying physical processes to
develop a comprehensive understanding of soil erosion. [9,16–18]. In contrast, process-based models
such as EUROSEM [19], LISEM [20], EROSION 3D [21], WEPP [22], and ANSWERS [23] estimate
soil erosion rates with well-defined and sophisticated physical equations of mass and momentum
conservation laws [9,16]. However, process-based models demand a huge amount of data and
computing resources for initialization, calibration, and simulation. As a result, it is often difficult to
apply these types of model to large temporal and spatial scales [9,16,17]. Intermediately, conceptual
models such as the Morgan–Morgan–Finney (MMF) [13], TOPMODEL [24], and the Hydrologiska
Byråns Vattenbalansavdelning (HBV) [25] models use semi-empirical equations with a physical basis to
estimate annual runoff and soil erosion rates, and are designed to possess advantages of both empirical
and process-based models [26]. These features allow the model to simulate soil erosion processes
on the basis of physical concepts while maintaining a simple structure and a moderate level of data
demand [13,14,17,27].
Among the conceptual models, the MMF and the revised MMF (RMMF) [14] models have been
successfully tested for functionality with a variety of climate regions and land use types [13,14,28–31].
The modified MMF model (MMMF) [27] exemplified the runoff processes by focusing on hillslope
topography and by introducing the subsurface interflow process to the MMF model. The modified
version also refined the sedimentation processes by adding the effects of vegetation structure to the
soil deposition processes as well as by explicitly simulating soil redistribution processes for each soil
particle size class of clay, silt, and sand [17,27].
Although several elements in its conceptual and physical bases are enhanced, the model still
has three significant limitations in terms of general applicability. First, the temporal scale of the
MMF model is fixed as an annual basis. However, this temporal scale is not suitable for regions
with concentrated seasonal rainfall such as Monsoon and Mediterranean climates where a majority
of soil erosion occurs by highly intensive rainfall events [9,32]. Furthermore, as computing power
increases, there is a growing demand for soil erosion models that can be applied flexibly over short-
and long-term scales given that the frequency and intensity of heavy rainfall is likely to increase [16,33].
Second, the model does not consider impervious surface covers, despite their having enormous impacts
on runoff and soil redistribution patterns by reducing water infiltration, and consequently, increasing
the volume of surface runoff and protecting surface soil from detachment. The area of impervious
covers are expanding sharply as a result of urbanization (e.g., pavements) and advances in agricultural
technology (e.g., plastic film mulching) [34–38]. Third, the three components of the effective rainfall,
the interflow, and the flow velocity of the MMMF model need to be revised for a better physical
representation of the model [39]. The MMMF model computes the effective rainfall with the slope
adjusting factor of 1/ cos(S), where S is the slope angle, which is physically incorrect and must be
changed to cos(S). Because of the incorrect slope adjusting factor, the MMMF model overestimates
the surface runoff and soil erosion under steep slope conditions [39]. The Interflow equation of the
MMMF model does not consider the width of a slope; a factor that should have been considered for
physical consistency of the model. From this equation, the MMMF model estimates low interflow in
areas wider than 1 m and higher interflow in the areas narrower than 1 m [39]. Flow velocity is one
of the key factors for estimating particle settling rates and transport capacity and is determined by
four different equations that vary according to the surface conditions. However, the MMMF model
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uses only one flow velocity for particle settling but uses many for the transport capacity without
proper normalization. Consequently, the MMMF model calculates transport capacity incorrectly for
an element with mixed surface conditions [39].
In this study, we suggest a new soil erosion model based on the MMMF model called the Daily
based Morgan–Morgan–Finney (DMMF) model. This model addresses the above mentioned limitations
through the following improvements:
1. A modified temporal scale of the model from an annual basis to daily basis. This is better suited to
regions with intensive seasonal rainfall
2. Inclusion of impervious surface covers (e.g., plastic mulching and artificial structures such as
concrete ditches and pavements)
3. Revision of the effective rainfall equation, the interflow equation, and equations relevant to
flow velocity.
2. Model Description
2.1. The DMMF Model
The DMMF model is a conceptual soil erosion model used to estimate surface runoff and sediment
flux from a field scale on a daily basis. Spatially, the DMMF model represents an area as several
interconnected elements of uniform topography, soil characteristics, land cover type, and vegetation
structure. Through coupling the model with flow direction algorithms, each element receives water
and sediments from upslope elements and delivers the generated surface runoff and eroded soils to
downslope elements. Temporally, the model estimates the surface runoff and the sediment flux of
each element on a daily basis and can extend its temporal scales through updating the model for a
given period. The DMMF model estimates water and sediment flux of an element in two main phases;
the hydrological phase and the sediment phase. The hydrological phase is based on the simple soil
water storage approach where surface runoff occurs when daily surface water inputs exceed soil water
storage capacity (i.e., saturation-excess overland flow) as outlined in Kirkby [40]. In the model, we
redefined the soil water storage capacity as the surface water infiltration capacity after considering the
blocking effect of impervious covers. The sediment phase is largely based on the sediment balance
process from the MMMF model. Based on this framework, we redefined the flow velocity by adopting
the modified Manning’s equation from Petryk and Bosmajian [41] and the transport capacity equation
with the normalized flow velocity. Additionally, we changed to have all sediment input processes
occur before the deposition process in order to apply deposition process for all the sediment inputs.
The model is also adapted to consider the impact of impervious surface covers on runoff and sediment
redistribution. The hydrological and the sediment phases of the model work with water volume (L m−2
= mm) and sediment weight (kg m−2) per surface area of an element, respectively. On the other hand,
matter exchange between elements uses the total volume of water (L) and the total weight of sediment
(kg), and considers the size difference of source areas and accepting areas. In this study, we describe the
DMMF model comprehensively; although a substantial part of the model follows the MMMF model, to
explain the new routines and revised processes with consistency. To distinguish the new routines and
revised equations from those of the original MMMF model, we indicate unchanged MMMF equations
by an asterisk next to the equation number. A detailed description of input parameters is presented in
Table 1.
2.2. Hydrological Phase
The hydrological phase consists of two major processes: the surface runoff and the subsurface
interflow processes (Figure 1). In the model, the subsurface process is simplified by conceptualizing a
soil profile as one layer and adopting average hydraulic characteristics of an entire soil profile (i.e., soil
water contents (θinit, θsat, and θ f c), and saturated soil lateral hydraulic conductivity (K)).
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Figure 1. Schematic hydrological processes within an element. The hydrological phase estimates the
amount of surface runoff (Q; mm) and subsurface interflow (IFout; L) generated from an element.
Assuming that the surface area of an element is A (m2), surface water inputs of an element is the
effective rainfall (Re f f ; mm) and surface water contribution from upslope elements (Σ(Qin)/A; mm).
Surface runoff occurs when surface water inputs exceed surface water infiltration capacity, (SWc; mm)
which depends on available soil pore space left for surface water infiltration and the proportion of the
impervious surface area (IMP). The subsurface interflow occurs when the soil water budget (SW; mm)
exceeds the soil water at field capacity (SW f c; mm). In this condition, a part of the excess soil water
outflows from an element as an interflow, and the surface runoff and subsurface interflow generated in
an element are discharged to downslope elements.
2.2.1. Surface Runoff Process
The fountainhead of the hydrological process is the effective rainfall (Re f f ; mm): the volume of
rainfall reaching the unit surface area of an element. According to the corrected effective rainfall from
Choi et al. [39], with the existence of natural or artificial objects that intercept rainfall before reaching
the ground, the effective rainfall on a unit surface area (A; m2) of an element can be described as,
Re f f = R · (1− PI) · cos(S) , (1)
where PI is the proportion of the permanent interception area and S is the slope of an element. In the
MMMF model, the slope adjustment factor is 1/ cos(S), but it should be cos(S) from the trigonometric
rule as described in Choi et al. [39] and in Figure 2.
The DMMF model estimates the amount of the surface runoff (Q; mm) by considering surface
water infiltration capacity, surface water input, and the proportion of the impervious surface area
of an element. The surface water infiltration capacity (SWc; mm) is the amount of surface water
that can infiltrate into the subsurface layer. SWc is determined by potential pore space left for water
infiltration and the proportion of the impervious surface area (IMP). Because impervious surface
hinders infiltration of water, IMP is assumed to decrease SWc. Therefore, SWc is defined as,
SWc = (1− IMP) · (SWsat − SWinit − Σ(IFin)A ) , (2)
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where SWsat (mm) and SWinit (mm) are the amount of the saturated soil water and the initial soil
water that already exist in the soil before a daily event started. ΣIFin (L) is the total volume of
subsurface inflow of water from upslope elements and A (m2) is the surface area of an element. Thus
ΣIFin/A (mm) represents the inflow of subsurface water per unit surface area. The first parenthesis of
Equation (2) indicates the blocking effect of water infiltration by impervious covers, and the second
parenthesis indicates the potential pore space left for water infiltration. The saturated and initial soil
water volumes are,
SWsat = 1000 · θsat · SD , (3)
SWinit = 1000 · θinit · SD . (4)
Here, θsat, and θinit are the saturated and initial volumetric soil water contents (vol/vol) and SD
(m) is the soil depth of an element. The factor of 1000 was used to convert meters to millimeters.
The negative SWc indicates the return flow, which contributes to additional surface water input
through upwelling when soil water inputs exceed the saturation point of soil. In the model, surface
runoff occurs when surface water inputs exceed the surface water infiltration capacity of an element.
The surface water inputs are the sum of the effective rainfall, and surface water contributions from
upslope elements (Σ(Qin)/A; mm). Therefore, the surface runoff of a unit surface area of an element is,
Q = Re f f +
Σ(Qin)
A
− SWc . (5)
and the total volume of surface runoff from an element (Qout; L) is,
Qout = Q · A . (6)
S
A′ = A · cos(S)
A
S
P R =
P
A′
Re f f =
P
A
= R · cos(S)
Figure 2. Conceptual representation of the effective rainfall (Re f f ) on a slope element without
permanent interception of rainfall (modified from Figure 1 of Choi et al. [39]). Given rainfall with a
total volume of P, the amount of rainfall per unit area for both A (m2) and A′ (m2) is P/A and P/A′
which is equal to R. From the trigonometric rule, A, the projected area of A′ on the slope, is described
as A′/ cos(S). Therefore, the rainfall per unit surface area of the element (i.e., the effective rainfall)
should be R · cos(S).
2.2.2. Interflow Process
After the surface runoff process, the model estimates the subsurface interflow of an element (IFout),
which is the volume of soil water being transferred to downslope elements. Interflow occurs when the
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amount of soil water budget (SW; mm) exceeds soil water at field capacity (SW f c; mm). The soil water
budget is calculated considering subsurface water inputs including existing soil water, surface water
infiltration, and evapotranspiration, which is equal to the total water budget of an element:
SW = (SWinit +
Σ(IFin)
A
) + (Re f f +
Σ(Qin)
A
−Q)− ET . (7)
The formula in the first parenthesis of Equation (7) represents subsurface water inputs and the
second formula parenthesis represents infiltrated surface water to the subsurface. Soil water at field
capacity is defined as the amount of water-holding capacity of soil against the gravitational force based
on Veihmeyer and Hendrickson [42], but the value in this model covers the entire soil profile, and not
a particular layer of uniform texture. In this model, soil water at field capacity is described as,
SW f c = 1000 · θ f c · SD , (8)
where θ f c (vol/vol) is the water content at field capacity of the entire soil profile. According to the
corrected interflow equation suggested by Choi et al. [39], IFout of an element with a width of w is
described as (see details in Figure 3),
IFout =
{
K · sin(S) · (SW − SW f c) · w , when IFout < (SW − SW f c) · A ,
(SW − SW f c) · A , when IFout ≥ (SW − SW f c) · A ,
(9)
for a given saturated soil lateral hydraulic conductivity (K; m d−1). The volume of interflow cannot
exceed the total volume of soil water budget over field capacity, which is the source of interflow.
After the interflow process, a part of soil water remains in the soil. The remaining soil water content
(θr; vol/vol) can then be described as,
θr =
(SW − IFout/A)
1000·SD , (10)
where 1000 is used to convert meters to millimeters. The DMMF model uses the measured initial
soil water content just before the first day of a rainfall event and the remaining soil water content
(θr) replaces the initial soil water content (θinit) of the next day when the model is applied to a period
longer than a day.
SWsat
w
l
K · sin(S)
(SW − SW f c)
SSlope direction
IFout = K · sin(S) · (SW − SW f c) · w
Figure 3. Conceptual representation of interflow in an element (modified from Figure 3 of Choi et al. [39]).
Let’s assume that there is an element with the width of w, the length of l and slope of S. Then, given
transferable soil water for interflow (SW − SW f c) and saturated soil lateral hydraulic conductivity (K),
the volume of interflow from the element (IFout) can be represented as K · sin(S) · (SW − SW f c) · w,
and cannot exceed the volume of the transferable soil water of the element ((SW − SW f c) · A).
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2.3. Sediment Phase
The sediment phase of the model inherits the basic structure of the sediment balance process of
the MMMF model. Therefore the model estimates sediment budgets of each particle size class (i.e., clay,
silt, and sand) separately, considering surface conditions (e.g., vegetation structures, surface roughness,
and crop field management type). The model also follows step-wise processes of the sediment
detachment and deposition of the MMMF model which simplify the in-element erosion process. There
are three differences in the sediment phase in this model from that of the MMMF model (Figure 4).
First, the sequence of processes was changed to have all the sediment input processes occur before
deposition processes. Second, we revised the flow velocity equation from four equations of the MMMF
model to two equations of reference and actual flow velocities by adopting the modified Manning’s
equation from Petryk and Bosmajian [41]. This modification further simplified and enhanced the
conceptual clarity of the model, not only in the flow velocity equation, but also in the particle settling
rates and the transport capacity calculations. Third, we changed the MMMF sediment budgeting
process to that of Meyer and Wischmeier [43] as the MMMF process is motivated by longer time steps.
The sediment phase comprises of three processes: sediment delivery to the surface runoff, gravitational
deposition, and soil erosion processes. A schematic description of the sediment phase is given in
Figure 4.
Sediment processes [kg/m2]
Input
[kg] Sediment delivery
to the surface runoff
Gravitational deposition
Sediment loss
from an element
Output
[kg]
Σ(SLin)
Σ(SLin)
A
SS G SL
SLout
(= SL · A)D
etachm
ent
(=
F
+
H
)
D
eposition
(=
SS·D
E
P
)
D
eposition
(=
G
−
SL)
Figure 4. Schematic sediment phase of an element. The model estimates the amount of sediment
loss from an element through three steps. In the first step, detached soil particles from an element
(by raindrop (F) and runoff (H)) and sediment inputs from upslope elements (Σ(SLin)/A) are delivered
to the surface water of an element. Second, some of the suspended sediments (SS) delivered in the
runoff settle down due to gravity at the deposition rate of the suspended sediments in the runoff
(DEP). Third, the model estimates the amount of sediment loss from an element by comparing the
transport capacity of the runoff (TC) and sediments available for transport (G), which are the remaining
suspended sediments after gravitational deposition process. If TC is larger than G, all the remaining
sediments in the water (i.e., G) are washed away from an element. Otherwise, the amount of sediments
equal to TC is carried out by the surface runoff to downslope elements.
2.3.1. Sediment Delivery to Surface Runoff
In the model, surface runoff and sediments that are delivered to surface runoff are the two main
factors that determine sediment loss from an element. The sources of delivered sediments are
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in-element detached particles by the impact of rainfall and surface runoff, as well as delivered soil
particles from upslope elements. Soil detachment by rainfall occurs when raindrops fall directly onto
ground surface with sufficient kinetic energy to detach soil particles from the surface. Because canopy
cover changes the kinetic energy of raindrops by initializing raindrop velocity and altering raindrop
size [44], rainfall has a different impact on areas under and without canopy cover. Grounds without
canopy cover are affected by the raindrops falling directly onto the bare soil (direct throughfall).
The kinetic energy density of direct throughfall (UDT ; J m−2 mm−1) is estimated from the universal
power law equation suggested by Shin et al. [45] for a given rainfall intensity (RI; mm h−1):
UDT = 10.3 · RI2/9 . (11)
In contrast, under the canopy cover, soil surface is affected by the water-drops falling from the leaves
and stems of vegetation after rainfall (leaf drainage). The kinetic energy density of leaf drainage
(ULD; J m−2 mm−1) under a 100 % canopy cover is a function of plant height (PH; m) [44]:
ULD =
{
15.8 · √PH − 5.87 , when ULD ≥ 0 ,
0 , when ULD < 0 .
(12*)
Because ULD is kinetic energy density, its value cannot be less than zero; although the empirical
equation potentially allows negative values. In an element partly covered with vegetation, the kinetic
energy of the effective rainfall (KE; J m−2) can be expressed as the product of the effective rainfall
(Re f f ) and the area weighted average of kinetic energy densities of UDT and ULD:
KE = Re f f · {(1− CC) ·UDT + CC ·ULD} , (13)
where CC is the proportion of the canopy covered area of an element. Then, the amount of soil particles
detached by raindrops (F; kg m−2) is calculated as a function of detachability of soil particles by
raindrop impact (DK; g J−1), proportion of each particle size class (P), proportion of bare soil surface
(1− EPA), and the kinetic energy of the effective rainfall (KE):
Fc = DKc · Pc · (1− EPA) · KE · 10−3 , (14)
Fz = DKz · Pz · (1− EPA) · KE · 10−3 , (15)
Fs = DKs · Ps · (1− EPA) · KE · 10−3 . (16)
Here, subscripts c, z and s represent each particle size classes of clay, silt, and sand, respectively.
EPA is the erosion protected area by ground cover (GC) and impervious area (IMP):
EPA = IMP+ (1− IMP) · GC . (17)
The guide values for detachability of clay, silt, and sand are 0.1, 0.5, and 0.3, respectively [27] but
these values should be used carefully according to the soil characteristics of study sites as shown in
Poesen [46] and it is recommended that users employ field-measured values.
The second sediment source is detached soil particles by the surface runoff (H; kg m−2).
The amount of detached soil particles by runoff is calculated as a function of detachability of soil
particles by runoff (DR; g mm−1), the amount of runoff (Q), the slope angle (S) of the element, and the
proportion of the bare surface area. Therefore, H for particle size classes are,
Hc = DRc · Pc ·Q1.5 · (1− EPA) · (sin(S))0.3 · 10−3 , (18)
Hz = DRz · Pz ·Q1.5 · (1− EPA) · (sin(S))0.3 · 10−3 , (19)
Hs = DRs · Ps ·Q1.5 · (1− EPA) · (sin(S))0.3 · 10−3 . (20)
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The guide values for detachability of clay, silt, and sand are 1.0, 1.6, and 1.5, respectively [27]. The values
should be used carefully and can be replaced with observed site specific data.
The third sediment source is sediment inputs from upslope elements (Σ(SLin)) averaged by the
surface area of an element. Therefore, the overall delivered sediments to the surface runoff (SS; kg m−2)
are represented as below,
SSc = Fc + Hc +
Σ(SLin.c)
A
, (21)
SSz = Fz + Hz +
Σ(SLin.z)
A
, (22)
SSs = Fs + Hs +
Σ(SLin.s)
A
. (23)
Detached sediments can be transported by surface runoff through suspension, saltation, and creeping
processes. In the model, all sediments delivered to surface runoff are assumed as being in suspension.
2.3.2. Gravitational Deposition of Suspended Sediments
After sediments are delivered to the surface runoff, a part of the suspended sediments (SS) in
the runoff settle to the bottom by gravitational force. Tollner et al. [47] estimated the settling rate of
suspended sediments using the probabilistic concept of the particle fall number (N f ), which is the ratio
of falling time of soil particles to traveling time along the flow direction of an element. To calculate
the particle fall number, the runoff flow velocity (v; m s−1) and settling velocity of each particle size
class (vs; m s−1) are required. Flow velocity depends on the flow depth (d), the slope of an element (S)
and the modified Manning’s roughness coefficient (n′) from Petryk and Bosmajian [41]. The modified
Manning’s roughness coefficient is the hydraulic roughness considering the effect of the drag force by
vegetation on the hydraulic roughness in addition to the Manning’s roughness coefficient. The value is
determined by the Manning’s roughness coefficient (n), the flow depth (d), the diameter of plant stems
(D) and the number of stems per unit area (NV) with the standard gravity of the Earth (g ≈ 9.8 m s−2):
v =
1
n′ · d
2/3 ·
√
tan(S) , (24)
n′ =
(
n2 +
D · NV · d4/3
2 · g
)1/2
. (25)
Recommended values for d are 0.005 for unchanneled flow, 0.01 for shallow rills, and 0.25 for
deeper rills, but field measured flow depth can be used. For cultivated land with tillage, the Manning’s
roughness coefficient can be derived empirically from the soil surface roughness (RFR; cm m−1)
as below [27],
ln(n) = −2.1132 + 0.0349 · RFR . (26*)
Guide values of surface roughness (RFR) for different tillage implements are described in
Morgan [3] and Morgan and Duzant [27].
The settling velocity (vs) is estimated from the Stokes’ equation for a creeping flow when the
Reynolds number is low:
vs =
δ2 · (ρs − ρ) · g
18 · η . (27*)
Here, δ and ρs are the diameter and density of a particle, and ρ and η are the density and the
viscosity of a fluid. The density of each particle size class (ρs) is set as 2650 kg m−3, which is the
average density of quartz. The density of overland flow (ρ) is set as the density of water (1000 kg m−3),
and the viscosity of overland flow (η) is set as 0.0015 kg m−1 s−1 following Morgan and Duzant [27].
Assuming that particle diameters are 0.2× 10−5 m for clay, 0.6× 10−4 m for silt, and 0.2× 10−3 m
for sand, then the settling velocities are 0.2× 10−5 m s−1 for clay (vs.c), 0.2× 10−2 m s−1 for silt (vs.z),
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and 0.2× 10−1 m s−1 for sand (vs.s) [27]. The particle fall number (N f ) of each particle size class is a
function of the actual runoff velocity (v), the settling velocities of each particle size class (vs), the depth
of runoff (d) in meters, and the length of the element (l):
N f .c =
l
v
· vs.c
d
, (28*)
N f .z =
l
v
· vs.z
d
, (29*)
N f .s =
l
v
· vs.s
d
. (30*)
Using the particle fall number of each particle size class, the rate of deposition of the sediments
suspended in runoff (DEP) is estimated from the equation of Tollner et al. [47], as below,
DEPc = min (0.441 · N f .c , 1) , (31*)
DEPz = min (0.441 · N f .z , 1) , (32*)
DEPs = min (0.441 · N f .s , 1) . (33*)
Because the deposited particles cannot exceed the sediments suspended in the runoff,
the maximum value for the deposition rate of each particle is set to one. After a part of the suspended
sediments is deposited by gravitational force, the remaining suspended sediments become available
for transport (i.e., the available sediments for transport (G) (kg m−2)) by the surface runoff:
Gc = SSc · (1− DEPc) , (34)
Gz = SSz · (1− DEPz) , (35)
Gs = SSs · (1− DEPs) . (36)
2.3.3. Estimation of Sediment Loss from an Element
The transport capacity of the runoff (TC; kg m−2) of an element depends on the volume of
surface runoff per unit surface area of an element (Q), the slope steepness (S) and the effect of surface
conditions [27]. The effect of surface conditions is expressed as the ratio between actual runoff velocity
(v) and the reference velocity of the element (vr; m s−1). The reference velocity (vr) is the runoff velocity
of an element under a standard surface condition (i.e., unchanneled overland flow over smooth bare
soil) and is described by the Manning’s equation,
vr =
1
nr
· d2/3r ·
√
tan(S) , (37)
where values of nr = 0.015 and dr = 0.005 are used for a standard surface condition. Following the
corrected MMMF C-factor suggested by Choi et al. [39], the total transport capacity of the runoff is
calculated as,
TC =
(
v
vr
)
·Q2 · sin(S) · 10−3 . (38)
The transport capacity of the runoff is partitioned into clay, silt, and sand by multiplying the mass
proportion of each particle size class with TC:
TCc = Pc · TC , (39)
TCz = Pz · TC , (40)
TCs = Ps · TC . (41)
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The sediment loss from the element (SL) is determined by comparing the transport capacity of the
runoff (TC) with the amount of available sediment for transport (G) [27,43]. Because this model
calculates the output on a daily basis, it is better to follow the sedimentation process from Meyer and
Wischmeier [43], which is appropriate for shorter time periods. When TC is greater than G, the surface
runoff washes away all the sediments available for transport from an element, and in the other case,
an amount of sediment (SL) equivalent to TC is lost from an element:
SLc = min (TCc , Gc) , (42)
SLz = min (TCz , Gz) , (43)
SLs = min (TCs , Gs) . (44)
The overall amount of sediment eroded from an element (SL) is the sum of clay, silt, and sand
discharged from an element:
SL = SLc + SLz + SLs . (45*)
2.4. Estimation of Total Runoff and Soil Erosion for Rainfall Period
The model can estimate the total amount of surface runoff and sediment loss from an element
during a rainfall period by utilizing daily input data. For long-term estimation during a rainfall period,
the model requires daily values of time-variant meteorological data (R, RI, and ET), and vegetation
structure data (GC, CC, PH, D, and NV). On the contrary, the model requires site specific data of
an element for static parameters such as topography (S, l, and w), soil characteristics (SD, θsat, θ f c, DK,
DR, and K), and surface conditions (PI, IMP, and n). It is difficult to obtain daily data for the initial
soil water content (θinit), although it is highly time-variant, similar to meteorological data. To cope
with the problem, the model iteratively replaces the initial soil water content (θinit) with the remaining
soil water content (θr after the interflow process. Through daily updates, the model estimates the
surface runoff and the sediment loss from an element during a period by accumulating daily results of
Q and SL for the period.
3. Testing the DMMF Model
3.1. Sensitivity Analysis of the Model
A sensitivity analysis of the DMMF model was conducted to investigate the relative importance
of input parameters on the amount of surface runoff and sediment loss from an element. We analyzed
the sensitivity of the model to each parameter with the Sobol’ method. The Sobol’ method is a
variance-based sensitivity analysis through variance decomposition and has the advantage to estimate
the total effect of a parameter including its effects in combination with other parameters [48–51].
Therefore, unlike the local and the one factor at a time (OAT) sensitivity analysis, the Sobol’ method
can be applied to non-linear and non-additive models with many parameters [52,53]. Because of its
advantages, the Sobol’ method has become popular in environmental and hydrological modeling
that employ models such as SWAT and TOPMODEL [51,53]. The total effect of a parameter by the
Sobol’ total index (SI) is the amount of total variance caused by a parameter normalized by the amount
of variance induced from all parameters (unconditional variance of the model). Parameters with
large SI have relatively high impacts and those with small SI have low impacts on the model output.
To estimate SIs for the input parameters of the DMMF model, we set the range of the parameters based
on the values recommended by Morgan and Duzant [27]. For meteorological parameters, we took
extreme values to consider various weather events from a variety of regions. We set the range of the
element size (res) considering various DEM resolutions, and set the complete range of the slope (S),
from a flat surface to a vertical cliff. The detailed range of parameters is listed in Table 1. Sobol’ total
indices for input parameters are estimated through the “sobolmartinez” function of the “sensitivity”
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package [54] using R version 3.2.3 [55]. We used the default bootstrapping option of the function
employing a sample size of 105.
Table 1. Input parameters and their range for sensitivity analysis.
Parameter Description Unit Range
R Daily rainfall [mm] 1–1825 (a)
RI Mean rainfall intensity of a day [mm h−1] 15.0–305.0 (a)
ET Daily evapotranspiration [mm] 0.0–15.0 (b)
S Slope angle [rad] 0.0–1.5 (c)
res Grid size of a raster map for the width (w) and the length (l)
of an element that are equal to res and res/ cos(S)
[m] 0.25–100 (d)
Pc Proportion of clay of the surface soil [proportion] 0–1
Pz Proportion of silt of the surface soil [proportion] 0–1
Ps Proportion of sand of the surface soil [proportion] 0–1
SD Soil depth [m] 0.3–68.0 (e)
θinit Initial soil water content of entire soil profile [vol /vol] 0.00–θsat (f)
θsat Saturated water content of entire soil profile [vol /vol] 0.31–0.56 (f)
θ f c Soil water content at field capacity of entire soil profiles [vol /vol] 0.10–θsat (f)
K Saturated soil lateral hydraulic conductivity [m d−1] 1–230 (g)
DKc Detachability of clay particles by rainfall [g J−1] 0.10–1.50 (h)
DKz Detachability of silt particles by rainfall [g J−1] 0.50–5.15 (h)
DKs Detachability of sand particles by rainfall [g J−1] 0.15–4.15 (h)
DRc Detachability of clay particles by surface runoff [g mm−1] 0.020–2.0 (h)
DRz Detachability of silt particles by surface runoff [g mm−1] 0.016–1.6 (h)
DRs Detachability of sand particles by surface runoff [g mm−1] 0.015–1.5 (h)
PI Area proportion of the permanent interception of rainfall [proportion] 0–1
IMP Area proportion of the impervious ground cover [proportion] 0–1
GC Area proportion of the ground cover of the soil surface
protected by vegetation or crop cover on the ground
[proportion] 0–1
CC Area proportion of the canopy cover of the soil surface
protected by vegetation or crop canopy
[proportion] 0–1
PH Average height of vegetation or crop cover of an element
where leaf drainage starts to fall
[m] 0–30 (h)
D Average diameter of individual plant elements at the surface [m] 0.00001–3.0 (h)
NV Number of individual plant elements per unit area [number/m2] 0.00001–2000 (h)
d Typical flow depth of surface runoff in an element [m] 0.005–3 (h)
n Manning’s roughness coefficient of the soil surface [s m−1/3] 0.01–0.05 (i)
Notes: (a) is based on WMO [56]; (b) is based on Senay et al. [57], Jia et al. [58]; (c) represents the range of slope from a flat surface
to a vertical cliff; (d) is based on Lilhare et al. [17], Arnhold et al. [37], Pandey et al. [59]; (e) is based on the range of rooting depth
from Canadell et al. [60]; (f) is based on Saxton et al. [61]; (g) is based on the hydraulic conductivity of semi-pervious soils from
Irmay [62]; (h) is based on Morgan and Duzant [27]; (i) is based on Manning’s n of bare soil in Table 3.6 from Morgan [3].
According to Sobol’ total indices (Figure 5), runoff of an element is highly sensitive to the factors
determining surface water infiltration capacity (i.e., θinit, θsat, SD, and IMP) and water input from
the effective rainfall (i.e., R, S, and PI). The amount of sediment loss from an element is also highly
sensitive to the factors that show high sensitivity to surface runoff, because the amount of surface runoff
is the main driver of soil redistribution. Furthermore, sediment loss of an element shows sensitivities
to surface conditions (IMP, and GC) and vegetation structures (D, NV, and CC). For a single element
sensitivity analysis, the soil water content at field capacity (θ f c) and the lateral hydraulic conductivity
(K) show no effects on the model because they are involved in subsurface water exchange among
elements that are not considered in the sensitivity analysis for one element. These sensitivity analysis
results are agree well with the model assumptions as well as conform to parameter sensitivity analysis
of the MMMF model described by Morgan and Duzant [27].
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Figure 5. Sobol’ total indices of model input parameters for a single element. The bars indicate
the Sobol’ total indices and the error bars indicate the 95% confidence intervals of the indices from
bootstrapping.
3.2. Testing the DMMF Model in the Field
We applied the DMMF model to two potato fields (field 1 and field 2) in the Haean-Myeon catchment,
South Korea, previously described by Arnhold et al. [37] to test the validity of the model. The fields are
located on erosion-prone hillslopes with complex surface configurations of plastic-covered ridges with
potatoes and bare soil furrows. Mean annual precipitation in the study area in 2009 and 2010 was about
1514 mm, with 50 % to 60 % of the annual rainfall concentrated during the summer monsoon season
from June to August [37]. Soils of the fields range from sandy to silty loams, with higher proportions
of clay and silt in field 2. Field 1 is located on a concave hillslope with a topographical depression
along the center line of the field, and the field 2 is on a concave slope without any topographical
depressions. Both fields have an average slope angle of about 9° and a slope length of about 25 m.
On each field, runoff and sediment loss were measured by three 5 m wide runoff samplers for seven
rainfall periods with a variety of rainfall characteristics and time intervals in the monsoon season
from 5 July to 10 August 2010 [37]. These conditions in both fields are suitable for testing the model
at a variety of temporal rainfall periods including the new concept of impervious areas. We used
available measured and estimated input parameters to test the model. Digital elevation models (for
S, w and l), R, RI, SD, n, Pc, Pz, Ps, θinit, CC, and PH were obtained from Arnhold et al. [37]. For ET,
we utilized the MODIS/Terra Evapotranspiration [63], because it provides an 8-day sum of ET data
based on the modified Penman-Monteith equation [64]. For unmeasured input parameters (θsat, θ f c,
K, PI, GC, NV, D, DKc, DKz, DKs, DRc, DRz, DRs, and d), site-specific sensitivity analyses were
performed to determine the required parameters to be adjusted, which is recommended under the
situation of limited data availability. We selected parameters for calibration when one of their Sobol’
total index values from field 1 or field 2 was larger than 0.05 (i.e., contribute 5 % of the total variance
of the model output). For parameters related to soil detachability (i.e., DKc, DKz, DKs, DRc, DRz,
and DRs), we used a wide range of parameters from zero to maximum values as given in Table 1.
We set the range of K according to ranges of the optimized vertical hydraulic conductivities from
Ruidisch et al. [38], who conducted hydrological studies on the same fields. The upper boundary
was defined by multiplying K by 18 to consider the average ratio of lateral to vertical hydraulic
conductivities of the hillslope [65]. The range of d was set from 0.005 (unchanneled flow) to 0.01
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(shallow rill) from Morgan and Duzant [27], considering surface conditions of both fields. Ranges
of θsat were estimated from Saxton et al. [61] using soil texture of each field. Ranges of θ f c were
derived from ranges of initial soil water content before rainfall, because excess soil water usually
drained away two or three days after the soil was fully saturated by rainfall. Initial soil water
contents from Arnhold et al. [37] were measured between one and three days after previous rainfall
events ended. We adjusted the other parameters using a range of ±20 % of guide values given in
Morgan and Duzant [27]. The detailed range of parameters for sensitivity analysis is listed in Table 2.
Table 2. Range of unmeasured parameters for sensitivity analysis.
Field θsat θ f c K PI GC NV D DKc DKz DKs DRc DRz DRs d
Field 1 Sup. 0.454 0.351 17.9 0.144 0.48 5.4 0.12 1.50 5.15 4.15 2.0 1.6 1.5 0.010
Inf. 0.351 0.345 0.29 0.096 0.32 3.6 0.08 0 0 0 0 0 0 0.005
Field 2 Sup. 0.494 0.435 5.22 0.144 0.48 5.4 0.12 1.50 5.15 4.15 2.0 1.6 1.5 0.010
Inf. 0.435 0.407 0.15 0.096 0.32 3.6 0.08 0 0 0 0 0 0 0.005
∗ Sup. indicates upper bound of a range (Supremum) and Inf. indicates lower bound of a range (Infimum).
According to the result, K, θsat, and θ f c showed relatively high impacts on the amount of surface
runoff and sediment loss from an element. DRc, DRz, DRs and d show relatively high impacts
(over 0.1) on sediment loss result (see Figure 6). These seven parameters have high in-situ variations as
well [27,65,66]. We calibrated the model by adapting K, θsat, θ f c, DRc, DRz, DRs and d with the same
range of parameters used in the sensitivity analysis. For parameters with relatively low impacts on the
model results, we used reference values for potato fields from Morgan and Duzant [27].
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Figure 6. Sobol’ total indices for runoff (Q) and sediment loss (SL) of the two field sites. Bars indicate
the Sobol’ total indices and the error bars indicate the 95 % confidence intervals of the indices from
bootstrapping. We checked the sensitivity of the model to the parameters with high uncertainty due to
absence of field data, such as parameters related to soil detachability (i.e., DKc, DKz, DKs, DRc, DRz,
and DRs), soil hydraulic parameters (i.e., K, θsat, and θ f c), vegetation structural parameters (i.e., GC,
D, NV), the permanent interception (PI), and the rill depth (d). K, θsat and θ f c showed relatively
high impacts on the runoff (Q) and the sediment loss (SL). The sediment loss (SL) also showed high
sensitivity to DRc, DRz, DRs and d.
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We used the differential evolution (DE) optimization method [67] for model calibration through
the “DEoptim” package [68] using R version 3.2.3 [55]. The DE algorithm is a heuristic optimization
method with an evolution strategy to find the global minimum of a real-valued model of real-valued
parameters. It is suitable for non-differentiable, nonlinear and multimodal models. Therefore, the DE
algorithm and its variants have been successfully applied to a variety of fields [67–69] and have been
used for hydrological model calibration [70,71]. To find the best parameter set for the model output,
we used the root mean square error (RMSE) between model outputs and the field measured data as
the objective function for the DE algorithm. Because the surface runoff is one of the main drivers
of sediment processes, we optimized K, θsat, and θ f c for the surface runoff (Q) and then, with these
optimized parameters, we optimized DR, and d for sediment loss (SL). Values of optimized parameters
from the DE algorithm are listed in Table 3.
Table 3. Optimized parameters from the DE algorithm.
K θsat θ f c DRc DRz DRs d
Field 1 0.500 0.362 0.345 0.015 0.012 0.011 0.010
Field 2 0.284 0.453 0.435 0.007 0.005 0.005 0.005
The optimized K for each field is in the range of optimized (for field 1) and estimated (for field 2)
vertical hydraulic conductivity from Ruidisch et al. [38]. It means that the lateral hydraulic conductivity
of the entire soil profile is affected not only by the top soil layer but also by other deeper layers with
low hydraulic conductivities. The optimized θsat for each field has a relatively higher value than the
corresponding optimized values from Ruidisch et al. [38]. The higher values are possible because
the model considers the entire soil profile, including deeper soil layers with higher saturated soil
water contents. The optimized θ f c values for both fields are consistent with the values for silt loam
(0.35) for field 1 and silt clay loam (0.42) for field 2 from Morgan and Duzant [27]. The optimized DR
values are lower than those in the ranges of DR for sensitivity analysis from Morgan and Duzant [27].
However, the optimized values are possible because the values were induced from laboratory data from
Quansah [72] and possess a significant amount of uncertainty according to Morgan and Duzant [27].
Finally, the optimized d indicates that field 1 has shallow rills and field 2 has a comparatively smooth
surface, which are consistent with actual field surface conditions. With the optimized parameters,
we tested the model with three other statistical criteria for evaluating the model performance:
the Nash-Sutcliffe efficiency (NSE), the percent bias (PBIAS), and the ratio of RMSE to the standard
deviation of the observation (RSR). A model is considered to be acceptable when it has an NSE value
larger than 0.5, a PBIAS value in the range ±25 %, and a RSR value less than or equal to 0.7 [73].
The testing results of the model are acceptable for both runoff and sediment loss (Figure 7).
The test results from field 2 show better performance than those from field 1. The putative causes
of the differing model performance for two fields are data gaps due to damages of a runoff collector
in field 1. This collector covered a large proportion of the field area and, thus, might have strongly
affected outputs of the entire field [37]. Although data gaps were also present in field 2, contributing
areas of each runoff collector were rather similar, which decreased the influence of an individual
collector on the average output of the entire field (see Figure 2 and Table 2 in Arnhold et al. [37]).
Further, model performance for runoff is better than that for sediment loss for both fields. The poorer
performance for sediment loss than for runoff is assumed to be caused by error propagation of runoff
as the main driver of sediment loss. Although more evenly distributed observed data are desirable for
better model performance testing, observation data were clustered into low and high extremes due to
the highly irregular rainfall pattern of the Monsoon climate and the limited period of observation.
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Figure 7. Comparison between simulated and observed runoff (Q) and sediment loss (SL) for field 1
and field 2. We tested the model performance for both fields with optimized parameters (Table 3).
Model performance was evaluated using the Nash-Sutcliffe efficiency coefficient (NSE), percent
bias (PBIAS), and RMSE-observation standard deviation ratio (RSR) with the observed data from
Arnhold et al. [37]. To make all overlapping points with values close to zero visible, we slightly jitterred
the points.
4. Summary and Conclusions
In this study, we present a new soil erosion model, the Daily based Morgan–Morgan–Finney
(DMMF) model, which is suitable for estimating surface runoff and soil erosion of a complex surface
terrain within an intensive seasonal rainfall region. The DMMF model is based on the simple conceptual
soil erosion model, the Modified Morgan–Morgan–Finney model, with several modifications. First,
the temporal scale of the model changed from an annual to a continuous daily scale. Second, we
added a new surface cover type of impervious area that highly affects runoff generation and soil
redistribution patterns. Third, we revised the main equations and rearranged the sequence of the
subprocesses for a better physical representation of the model. In the hydrological phase, we revised
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the effective rainfall and the interflow equations. In the sediment phase, we modified the flow velocity
equations, the transport capacity equations, and the sediment input sequence.
Owing to these modifications, the DMMF model offers expanded temporal and spatial
applicability while retaining the advantages of the MMMF model. Temporally, the model can estimate
short- and long-term soil erosion flexible in regions with concentrated seasonal rainfall for which the
annual-based MMMF model is not suitable. Spatially, the model can estimate runoff and soil erosion
for complex surface configurations with plastic mulching, pavements and so on by introducing the
proportion of the impervious area. Furthermore, the model represents the effect of vegetation on
soil erosion by utilizing easy-to-measure vegetation structure information, in contrast to other soil
erosion models that require either detailed vegetation information or empirical relationships between
vegetation and erosion. This feature enables the model to estimate spatiotemporal patterns of runoff
and soil loss from non-conventional crop fields (e.g., ginseng fields in South Korea) for which only little
is known about the role of the vegetation and practices such as impervious covers on soil conservation
potentials. According to the sensitivity analysis and field application results, the DMMF model
showed reasonable responses to parameters, which agrees with the model assumptions. The model
also showed acceptable performances for both runoff and sediment loss predictions when it was
tested on two potato fields with different topographic and soil characteristics in seven different rainfall
periods of the monsoon season. Those results demonstrate that the new model is capable of simulating
surface runoff and soil redistribution patterns at various temporal scales of monsoonal rainfall in crop
fields with impervious cover.
As more national- and continental-wide topographic, soil and land use data (e.g., European
Soil Data Centre [74]) are becoming available, increasing attempts have been made to apply soil
erosion models at larger scales [75]. Because the DMMF model is designed for field and catchment
scales, and has not yet been tested at larger scales, it is challenging at this time to directly estimate
runoff and soil erosion at national and continental scales. However, the model may contribute to
large scale modeling by providing appropriate parameters on non-conventional cultivation fields
where insufficient information is available, to be used in large scale model approaches such as USLE
and RUSLE.
We conclude that DMMF can be useful to establish soil and water conservation measures in
intensively used agricultural lands with complex surface configurations composed of multiple crop
types, artificial structures, and plastic mulching by estimating spatiotemporal runoff and sediment
redistributions and by identifying erosion and deposition hotspots under varying conditions. Since
model performance to date was tested for a single land use type and with a limited amount of
observation data with data gaps, further studies are required to validate the model’s utility at extended
temporal and spatial scales under various rainfall patterns and land use types as well as to provide
appropriate parameterizations of non-conventional crop fields for large scale modeling.
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